Respiratory motion degrades anatomic position reproducibility and leads to issues affecting image acquisition, treatment planning, and radiation delivery. Four-dimensional ͑4D͒ computer tomography ͑CT͒ image acquisition can be used to measure the impact of organ motion and to explicitly account for respiratory motion during treatment planning and radiation delivery. Modern CT scanners can only scan a limited region of the body simultaneously and patients have to be scanned in segments consisting of multiple slices. A respiratory signal ͑spirometer signal or surface tracking͒ is used to reconstruct a 4D data set by sorting the CT scans according to the couch position and signal coherence with predefined respiratory phases. But artifacts can occur if there are no acquired data segments for exactly the same respiratory state for all couch positions. These artifacts are caused by device-dependent limitations of gantry rotation, image reconstruction times and by the variability of the patient's respiratory pattern. In this paper an optical flow based method for improved reconstruction of 4D CT data sets from multislice CT scans is presented. The optical flow between scans at neighboring respiratory states is estimated by a non-linear registration method. The calculated velocity field is then used to reconstruct a 4D CT data set by interpolating data at exactly the predefined respiratory phase. Our reconstruction method is compared with the usually used reconstruction based on amplitude sorting. The procedures described were applied to reconstruct 4D CT data sets for four cancer patients and a qualitative and quantitative evaluation of the optical flow based reconstruction method was performed. Evaluation results show a relevant reduction of reconstruction artifacts by our technique. The reconstructed 4D data sets were used to quantify organ displacements and to visualize the abdominothoracic organ motion.
I. INTRODUCTION
Respiratory motion is a significant source of error for the radiotherapy planning of the thorax and upper abdomen. The conventional method to compensate organ motion related to respiration is to increase the internal safety margin of the clinical target volume when planning the radiation delivery. 1 Increasing the treatment margins increases the volume of healthy tissue exposed to high doses and consequently the likelihood of treatment related complications. Different technical solutions have been proposed to take breathing motion into account, such as breath hold techniques. [2] [3] [4] or respiratory gating. 5, 6 Furthermore, the advent of highly adaptable radiosurgery accelerators opens up the possibility of active motion tracking. The intention of this four-dimensional ͑4D͒ or real-time radiation therapy is to adapt the dose distribution to the organ motion during the respiratory cycle. [7] [8] [9] The successful implementation of real-time radiotherapy procedures depends on the ability to generate 4D computer tomography ͑CT͒ images of the moving internal organs. Furthermore, CT scans at different phases of the respiratory cycle will provide useful information for an accurate planning of gated radiotherapy 10 and in assessing the amount of motion expected in order to optimize the safety margins for conventional radiotherapy. Therefore, some approaches for the acquisition of 4D CT data sets during free breathing were developed in the last years. For data acquisition helical single slice CT ͑SSCT͒, 10, 11 multislice CT ͑MSCT͒ in cine mode, [12] [13] [14] [15] and helical MSCT 16 were used. The advantage of 4D CT imaging with MSCT operated in cine mode over the helical SSCT method is the improved spatial and temporal resolution, while the acquisition time is only slightly longer. 14 Moreover, the helical SSCT method can result in an image gap between images of the same phase. 10 A comparison of the helical and cine MSCT method found cine mode to be more dose efficient and to have a better slice sensitivity profile.
4D CT approaches can be further classified into methods using prospective gating 8, 18 and methods using retrospective gating. 10, 11, [13] [14] [15] Prospective gating refers to data acquisition triggered by events of a respiratory signal ͑digital spirometry or motion tracking͒. 17 While data acquisition at the extremities of the respiratory induced motion ͑end-inspiration, endexpiration͒ is simple, acquisition of gated scans between end-inspiration and end-expiration poses a problem. 11, 17 In retrospective gating, the respiratory signal and the CT scans are acquired simultaneously. Based on the respiratory signal record the CT scans are sorted into predefined respiratory phases based on either the amplitude or the phase angle of the respiratory trace. 19 In phase angle sorting the phase angle specifies a percentage of the period of each breathing cycle. In amplitude sorting a constant amplitude on the respiratory curve is chosen. The phase position is denoted with regard to this amplitude. Amplitude sorted images have been shown to display fewer reconstruction artifacts and so to perform better than phase sorting. 19, 20 Nevertheless, modern multislice CT scanners cannot scan a large region of interest simultaneously. For this reason patients have to be scanned in segments consisting of multiple slices acquired during several periods of the breathing cycle. But free breathing causes the problem that there are no segments for exactly the same period of the breathing cycle for each couch position. In existing reconstruction methods ͑am-plitude and phase angle sorting͒ the nearest available data segment is used instead. So artifacts occur resulting in a skewed size, shape, and density of objects in the image.
In this paper, an optical flow based method for the reconstruction of 4D CT data sets acquired during free breathing is presented. In order to reduce motion artifacts, a 4D CT data set was reconstructed by interpolating data sets at userdefined respiratory volumes. There are numerous techniques for the spatial interpolation of images. Interpolation techniques can be divided into two groups: intensity-based methods and object-based methods. 21 In intensity-based approaches only the image gray values are used to determine the interpolated intensity: examples include nearestneighbor, linear, and spline-based interpolation. Intensitybased methods can produce large artifacts when the position of anatomical features shift considerably between images and therefore do not appear suitable in our application. In object-based methods additional information is extracted from the images, and used to guide the interpolation process. [22] [23] [24] Reviews of intensity-based interpolation methods have recently been published 25, 26 and a comparison between intensity-and object-based interpolation methods was presented by Grevera and Udupa. 21 In our reconstruction method a new object-based interpolation technique for temporal image sequences is used. 27, 28 A nonlinear registration method is applied to estimate the optical flow between the scans at neighboring respiratory phases. Then, the calculated velocity field is used to generate an interpolated data segment at the desired phases of the respiratory cycle. The theoretical motivation of our registration method as well as for the interpolation step is the optical flow equation. Other registration-based interpolation methods for spatial 3D image volumes were already presented. 29, 30 Studies have shown that registration-based interpolation techniques outperform linear and shape-based interpolation. 28, 30 The reconstructed 4D data sets are used to study and quantify the individual tumor and organ movements. Preliminary results of the analysis and visualization of tumor and organ motion are presented.
II. METHODS AND MATERIALS

A. Data acquisition
A multislice CT scanner is operated in cine mode to collect repeated scans per couch position over several free breathing cycles, while the patient undergoes simultaneous digital spirometry measurements. CT scans were continuously acquired every 0.75 s with each scan requiring 0.5 s followed by 0.25 s dead time. Here 15 scans were acquired at each couch position before the couch was moved to the next position. This process was repeated until the entire thorax was scanned. For each patient, between 16 and 19 couch positions were scanned at 15 different times of the breathing cycle. A 16-slice CT scanner ͑Sensation 16, Siemens Medical Solutions͒ was operated in 12-slice mode, so each scan consists of 12 slices. Between couch positions the acquired scans do not overlap spatially. To associate the CT scans with tidal volumes, simultaneous digital spirometry measurements were acquired. The spirometry was synchronized to the CT scanner acquisition by a photo resistor connected to the "XRay On" light. The patients were instructed to breath normally with the spirometer during the entire scanning sequence, which took approximately 10 min. Between 240 and 285 CT scans were acquired for each patient. Each scan is associated with its couch position, its measured tidal volume, and its actual breathing phase ͑inhalation or exhalation͒.
In a first attempt, a nearest-neighbor approach was used to reconstruct a 4D CT data set from the acquired scans ͑see Ref. 13 for details͒. The 4D CT data set consists of a series of 3D data sets for a scale of user-defined tidal volumes. In order to reconstruct one 3D data set for a user-defined tidal volume the corresponding spirometry records were examined. At each couch position the CT scan acquired at a tidal volume closest to the desired volume was selected. A 3D data set was created by stacking the selected scans. To prepare a time sequence of the motion the 3D data sets for a scale of tidal volumes were arranged in series. In order to account for hysteresis in organ and tumor motion 31 scans acquired during inhalation and exhalation were treated separately.
But free breathing causes the problem that there are no acquired CT scans for exactly the user-defined tidal volume. This induces artifacts similar to motion artifacts in 3D CT. This is especially noticeable when viewing coronal reconstructions of the boundary between diaphragm and lung where the reconstructed diaphragm boundary is not continuous ͓see Fig. 2 ͑left͔͒. 
B. Optical flow based reconstruction of 4D CT data sets
To reduce artifacts which were generated by choosing CT scans not exactly at the desired tidal volume a new reconstruction method for 4D data sets was developed. The idea of the method is to generate interpolated CT scans for exactly the user-defined tidal volume. Therefore, a temporal interpolation scheme was derived from the optical flow equation. The method to reconstruct a 3D data set for a selected tidal volume consists of two main steps: First, for each couch position the optical flow is determined between the two scans whose tidal volumes neighbor the desired tidal volume and whose breathing direction is the same as the desired direction ͑inhalation or exhalation͒. An optical flow based registration algorithm computes a velocity field describing the movement of corresponding features. The calculated velocity field is then used to generate an interpolated CT scan for the desired tidal volume ͑see Fig. 1͒ . The interpolated data segments for each couch position are assembled to a 3D data set for the selected tidal volume. In this approach we focus on organ motion between two CT scans. The motion during the acquisition of one CT scan is not addressed.
Computation of optical flow
The initial hypothesis of optical flow based methods is that pixel intensities of time varying image regions remain constant. The conservation of the intensity of points under motion is formulated in the expression that the total derivative of the image intensity function is zero. 32 In our case, the image function depends on the tidal volume V instead of the time:
From the optical flow equation ͑1͒ we obtain FIG. 1. The process used to reconstruct a 4D CT data set. The left section illustrates the CT scan acquisition using a multislice CT scanner. The scanner is operated in cine mode while the patient undergoes digital spirometry measurement. Thus, each acquired data segment is assigned to a couch position and a tidal volume V ͑shown in the bottom left table͒. To reconstruct a 3D data set at a user-defined tidal volume V, for each couch position an interpolated data segment is generated. For a given couch position, the nearest data segments A and B with V A Ͻ V and V B Ͼ V are selected. The right side shows the interpolation process. First the optical flow between segment A and B is estimated. Following an interpolated data segment is generated. The last row of the right side shows the full 3D CT scan created by stacking the interpolated scans from each couch position.
where
T is the velocity field and ٌI the spatial image gradient. Thus, the measurement of image derivatives allows the recovery of image velocity. The optical flow equation is only valid for "small" displacements, where "small" depends on the sampling of the deformations and the data in space and time. Furthermore, Eq. ͑2͒ is ill-posed and not sufficient to compute all components of the velocity vector. 32, 33 Only the motion component in the direction of the local brightness gradient ٌI of the image intensity function may be estimated. As a consequence, the flow velocity cannot be computed locally without introducing additional constraints. There exist numerous computational methods for estimating optical flow ͑see Ref. 33 for an overview͒. According to the demons-based registration approach, 34 in our implementation the necessary regularization is done by a Gaussian smoothing of the velocity field. The smoothing step limits the possible differences in magnitude and direction between neighboring velocity vectors. Designate I j ͑x , V i ͒ as the CT scan at couch position j and tidal volume V i ͕V 0 Ͻ V 1 Ͻ¯Ͻ V n ͖. To estimate the velocity field between two images I j ͑x , V i ͒ and I j ͑x , V i+1 ͒ the temporal derivative ‫ץ‬ V I in Eq. ͑2͒ can be computed by differences of corresponding gray values and the spatial derivative can be approximated by averaging the gradients of neighboring scans. An iterative algorithm similar to demons-based registration is used:
͑2͒ Estimate the actual velocity field by
͑3͒ Perform a Gaussian smoothing of the velocity field v k+1 . ͑4͒ Stop, if the squared distance between image I j ͑x , V i ͒ and deformed image I j ͑x − v k , V i+1 ͒ was not reduced for n iterations or if a maximal number of iterations is reached. Otherwise, let k ª k + 1 and go to 2.
In our case, the images I j ͑x , V i ͒ are 3D data segments consisting of 12 slices each. Thus, a 3D-3D registration is performed between two temporal neighboring 3D data segments. Here, a normalized time step ͉V i+1 − V i ͉ =1 is assumed. v k designates the estimation of the velocity field at iteration k. The velocity field is estimated for every voxel. The symmetric behavior of Eq. ͑3͒ is advantageous because the inverse velocity is needed in the interpolation step. The disadvantage is that the gradient ٌI j ͑x − v k , V i+1 ͒ has to be recomputed at each iteration, which is time consuming. The term
stabilizes the formula when the gradient norm is small and ␣ is a homogenization factor to limit the normalized displacement in each iteration step ͑see Ref. 35 for details͒. In our application we choose ␣ = 0.5 in order to limit the maximum displacements per iteration to the voxel size. The smoothing factor was set to = 1.5. For each couch position the two selected neighboring CT scans are considered. However, problems occur near segment borders, because some structures may move from one couch position into another couch position during the respiratory cycle. In this case, there exist voxels in one CT scan that do not have corresponding voxels in the next scan at the considered couch position. To overcome this problem CT scans at adjacent couch positions are taken into account for the registration process. Therefore, two data volumes are as-
are the nearest available tidal volumes at couch positions j −1 or j + 1. The assembled data volumes are used during the registration algorithm to estimate the velocity field between I j ͑x , V i ͒ and I j ͑x , V i+1 ͒.
Optical flow based interpolation
Given two images for tidal volumes V i and V i+1 and the velocity v, we want to interpolate the image I j ͑x͑V͒ , V͒ at tidal volume V ͓V i , V i+1 ͔. From the intensity conservation assumption of Eq. ͑1͒ follows for an image I j ͑x͑V͒ , V͒ at
The second-and higher-order terms O 2 are assumed neglible and it remains
But in general the intensity conservation assumption might not be fulfilled and structures contained only in I j ͑x͑V i+1 ͒ , V i+1 ͒ are lost. Instead, we use a weighted average between the corresponding voxel intensities in
with a normalized interpolation factor ␦V =
. Generally, the inverse velocity field v −1 cannot be computed directly. In our interpolation scheme an iterative Newton-Raphson method is used to calculate the inverse velocity for each grid point. 36 In general, the Gaussian regularization does not guarantee that the deformation is a homeomorphism. However, in our applications no problems were observed due to a locally noninvertible velocity field. In rare cases for a couch position the largest available tidal volume is less than the predefined tidal volume for reconstruction. In this case, a CT scan is generated by extrapolation of the velocity field only if the difference between the available tidal volume and the predefined tidal volume is small ͑extrapolation factor Ͻ1͒. Otherwise the nearest-neighbor approach is used to avoid unintended distortions.
The presented reconstruction method makes use of structure preserving interpolation techniques for temporal image sequences derived from the optical flow equation. The optical flow based registration matches corresponding features in the two images. The extracted velocity information is used to guide the interpolation process. Thus, the feature positions in the interpolated image are estimated and the interpolated gray value is the weighted average of the gray values of the corresponding features. The behavior and capability of the optical flow based interpolation method was investigated in a previous study. 28 In this study, our interpolation method was compared to both standard linear interpolation and shapebased interpolation. Linear interpolation is the most frequently used interpolation technique and was chosen as a baseline reference. The shape-based interpolation algorithm was chosen since it was shown to have the best performance in a comparison of interpolation methods. 21 A population of spatial and temporal MR and CT image sequences, corresponding to different parts of the human anatomy ͑heart, brain, abdomen, knee͒ were utilized for comparison. Each slice in these data sets was estimated by the different interpolation methods. The interpolated slices were compared to the original slice using three quantitative measures: mean difference ͑MD͒, number of sites of disagreement ͑NSD͒, and largest difference ͑LD͒. The quantitative evaluation has shown that the optical flow based method outperforms linear and shape-based interpolation for all image types considered. The mean statistical relevance 37 ͑see Sec. III A for an explanation͒ averaged over the different image types and compared to linear interpolation was 13% for MD, 22% for NSD, and 5% for LD. The mean statistical relevance compared to shape-based interpolation was 7% for MD, 15% for NSD, and 10% for LD.
C. Analysis of respiratory motion
In order to allow the analysis of respiratory motion the segmentation of structures of interest is necessary. Therefore, the tumor, the lung, the skin and the bronchial tree are segmented for all reconstructed 3D images using region growing techniques and interactive correction. 38 To describe the tumor mobility the tumor's center of mass was calculated for each phase. This enables the quantification of the displacement in craniocaudal, anteroposterior, and lateral direction and the amount of the maximum displacement of the tumor. Furthermore, anatomical landmarks, e.g., the trachial bifurcations, the tip of the lung, or points on the diaphragm, are determined interactively and the trajectories of the selected points are analyzed and visualized.
To study deformations of the thorax and upper abdomen the optical flow of the segmented 4D data sets is computed. A nonlinear registration between the reconstructed CT data sets at successive phases of the breathing cycle is performed. If the 4D reconstruction was performed for 10 tidal volumes, then 10 3D-3D registrations are performed with an optical flow based registration method similar to the algorithm described in Sec. II B. The resulting velocity fields are used to approximate the trajectories of points on the organ surfaces. So, the maximum displacement of any surface point was estimated and regions with large respiratory motion are identified. Furthermore, the shape and deflection of different trajectories can be compared.
III. RESULTS
Four lung cancer patient studies were examined with a multislice CT scanner using the technique described in Sec. II A. The resolution of the CT slices was between 0.78 ϫ 0.78 and 0.94ϫ 0.94 mm 2 and the spacing was 1.5 mm. More than 2500 slices were acquired per patient. To reconstruct a 4D CT data set for each patient, 10 tidal volumes were selected in such a way that a complete breathing cycle was sampled temporally equidistantly. The relation between tidal volumes and time can be approximated by the following formula:
͑5͒
The duration of a breathing cycle and the minimum and maximum tidal volumes V min and V max were determined from the spirometry record. Two reconstruction methods were applied to generate 4D CT data sets: ͑1͒ the nearestneighbor approach was used to determine the closest available CT scan for each preselected tidal volume and for each couch position ͑see Sec. II A͒ and ͑2͒ the optical flow based interpolation technique described in Sec. II B was applied.
Per patient between 240 and 285 multislice CT scans were acquired ͑16-19 couch positions á 15 scans͒ resulting in between 2880 and 3420 slices. The reconstructed 4D CT data sets for 10 preselected tidal volumes consists of between 160 and 190 data segments. The nearest-neighbor reconstruction method approach may result in multiple use of acquired data segments for the reconstruction, if there is a large gap between available tidal volumes. In our case, between 17 and 40 multislice CT scans were used more than once for the 4D reconstruction of the patient data sets. This reveals that con-siderable deviations between the user-defined tidal volume and the available tidal volume are possible for specific couch positions.
A. Evaluation of optical flow based reconstruction
Our interpolation method relies on two assumptions: the intensity conservation assumption as formalized in Eq. ͑1͒ and that the algorithm described in Sec. II B is capable to calculate the correct velocity field v. In a previous work the behavior and capability of the optical flow based interpolation method was demonstrated by synthetic image examples and quantitative measures were calculated to compare this optical flow based interpolation method to linear interpolation and shape-based interpolation on the basis of different types of medical images. 28 Results have shown that the presented method outperforms both linear and shape-based interpolation significantly and has the potential to interpolate temporal image sequences accurately.
For a first evaluation of our reconstruction method the reconstruction artifacts were inspected visually. Therefore, sagittal and coronal images of the reconstructed data sets were generated. The nearest-neighbor reconstruction method shows "steps" at the edges of neighboring segments that were not scanned exactly at the same period of the breathing cycle ͓Fig. 2 ͑left͔͒. With the optical flow based interpolation method described above the artifacts are reduced and the object edges are continuous and more smooth ͓Fig. 2 ͑right͔͒.
For a quantitative evaluation a quantitative measure for the reconstruction quality is needed. Reconstruction artifacts occur at the edges between two adjacent couch positions, if the image data for these couch positions do not represent the same tidal volume. In this case, the edge slices for two adjacent data segments ͑the last from one couch position, and the first from the next couch position͒ show a dissimilarity which is not founded in the normal anatomical change between two adjacent slices. In contrast, a high reconstruction quality is reached if the edge slices for two adjacent data segments are as similar as any two other slices from the middle of a data segment. The similarity between two slices can be measured by the mean squared gray value difference. Designate ͕I j ͉ j =1, ... ,N j ͖ the set of original CT scans used for reconstruction of a 3D CT data set for a user-defined tidal volume. The mean squared gray value difference between neighboring slices within the original CT scans I j is calculated by
N j is the number of couch positions, ⍀ = ͓0,511͔ 2 is the size of the image matrix, and each CT scan consists of n s slices ͑n s = 12 for a 12-slice CT scanner͒. MSD orig is the average change in gray values between adjacent slices scanned during one gantry rotation. MSD orig describes the mean gray value difference between slices when no reconstruction artifacts occur. For an interpolated 3D CT data set, MSD int designates the average slice changes at segment borders. Here, the mean squared difference between edge slices for two adjacent data segments ͑the last from one couch position, FIG. 2 . Two examples for the reconstruction of a 4D CT data set using the nearest-neighbor approach ͑left column͒ and the optical flow based reconstruction method ͑right column͒. The top row shows a coronal section of the reconstructed 4D CT data set of patient 1 at a predefined tidal volume of 44 ml. The bottom row presents a more apparent example. A coronal section of the 4D CT data set of patient 4 at a predefined tidal volume of 800 ml is shown. In the images of the left column artifacts at the diaphragm caused by free breathing motion are visible. These artifacts are reduced by the optical flow based interpolation, as shown on the right side. and the first from the next couch position͒ is calculated:
where I int is the interpolated 3D data set for a selected tidal volume and N z is the number of slices of the interpolated data set. MSD int is the mean gray value difference between slices where in principle reconstruction artifacts can occur. If there are no such artifacts MSD int and MSD orig should be nearly identical. As mentioned above, slice changes at segment borders ͓Eq. ͑7͔͒ are higher than the slice changes inside the original data segment ͓Eq. ͑6͔͒ if reconstruction artifacts are present. So, the difference MSD int − MSD orig is a measure for the amount of artifacts at segment borders and can be calculated for the nearest-neighbor reconstruction and the optical flow based reconstruction method. In order to quantify the reconstruction quality of a 4D CT data set the average values over all reconstructed 3D CT data sets were calculated.
To compare two reconstruction methods a measure called statistical relevance 37 was used. This measure expresses the degree of importance of the observed difference between the two methods and was previously devised for comparing image reconstruction and image interpolation algorithms. 21, 28, 30, 37, 39 We define the statistical relevance r to 
͑8͒
In Table I the mean squared gray value differences between adjacent slices within the original CT data segments ͑MSD orig ͒ and between edge slices for two adjacent data segments for the two reconstruction methods ͑MSD NN and MSD OF ͒ are shown. For each patient average values for ten reconstructed tidal volumes and the standard deviations are presented. In all four cases, the averaged MSD int values were reduced by the optical flow based method. Furthermore, the standard deviation is lower for optical flow based reconstruction. This indicates that the reconstruction quality of 3D data sets at different tidal volumes is more similar for optical flow based reconstruction. For 39 out of 40 reconstructed 3D CT data sets the optical flow based method generates better reconstruction results ͑evaluated by visual inspection and by a lower MSD int value͒. For one 3D CT data set with tidal volume V = 0 ml the nearest-neighbor approach generates a better result. Maybe this is caused by an extreme extrapolation which was necessary for some couch positions and leads to artifacts in the optical flow reconstruction. The results in Table I show that the optical flow based reconstruction outperformes nearest-neighbor reconstruction method and a clear reduction of artifacts is evident.
B. Analysis of the respiratory motion
The reconstructed 4D data sets were used to quantify organ displacements and to visualize thoracic organ motions. The tumor segmentations are used to compute probabilities of presence of tumorous tissue during a breathing cycle. The estimated probabilities are visualized in one static image ͑Fig. 3͒. This can provide helpful information for conventional radiotherapy planning, e.g., for the determination of the planning target volume. In conventional radiotherapy treatment without compensation of the breathing motion all regions with probability p Ͼ 0 have to be taken into account.
In Fig. 3 a large motion in craniocaudal direction is visible for the tumor of patient 2 ͑Ϸ12 mm͒ and only a small craniocaudal motion of the tumor of patient 3 ͑Ϸ1 mm͒. The maximum displacements of the tumor centers differ significantly between the two patients. A dependency between the tumor position and the amount and direction of the displacement seems to be likely. To visualize the patient's 4D breathing motion and the individual tumor mobility animated surface models of the segmented organs are generated ͑see Fig. 4͒ . Furthermore, the magnitude of the displacement of organ surfaces is visualized color-coded. Thus, regions with large respiratory motion can be identified. In Fig. 5 the maximum displacement of the skin during the respiratory cycle for 4 patients is visualized. The regions of maximum displacement differ between the patients. For patient 1 only small displacements appear in the chest region and very large displacements appear in the abdomen. In contrast patient 2 has large displacements in the chest region. Furthermore, the amplitudes of the displacements differ significantly. So patient 1 has a maximum displacement of more than 12 mm and patient 4 of about 6 mm. These results indicate that the optimal position of skin markers differ from patient to patient. But further research on this topic is necessary.
IV. DISCUSSION AND CONCLUSION
Respiratory motion poses a significant challenge in radiation therapy planning of the thorax and upper abdomen. Analysis, modeling, and understanding of breathing motion is an essential component for the proposed 4D radiotherapy, in which respiratory motion is explicitly accounted for in imaging, planning, and radiation delivery. A necessary prerequisite for the analysis of breathing motion and for building an accurate model of thorax movements is the imaging of organ movements during free breathing. Breathing motion can distort the shape of an object and causes inaccurate analysis or planning results if the motion is not accounted for during the imaging. 40 Different approaches to account for breathing motion were developed in the last years. Breath-hold techniques have the potential to reduce the effects of breathing motion. 4, 41 However, they are not suitable to develop an accurate model of breathing motion, because only few phases of the respiratory cycle are imaged and thus the hysteresis in organ motion cannot be explained. Furthermore, many lung cancer patients cannot tolerate holding their breath. 5, 18 Therefore, the acquisition of images during free breathing is necessary.
We have presented a new method for the reconstruction of 4D CT data sets from multislice CT scans acquired during free breathing. In existing reconstruction methods the ac- quired CT scans are sorted according to predefined respiratory phases using a nearest-neighbor approach. This induces reconstruction artifacts if there are no data segments available for exactly the same respiratory state for all couch positions. One possibility to reduce reconstruction artifacts is an exact coordination between image acquisition times and the patient's respiratory pattern.
14 However, the image acquisition times have device-dependent limitations due to the gantry rotation and image reconstruction times and there is a variability of the patient's respiratory pattern. Another possibility is to increase the number of acquired images per couch position, which increases the radiation exposure of the patient and the acquisition times.
In contrast, we use an optical flow based method to generate interpolated CT scans exactly at the predefined respiratory phase. Qualitative and quantitative results indicate that motion artifacts can be reduced by our method. Organ surfaces are more continuous and no striking breakups appear. The reconstructed 4D CT data sets can be used for a precise modeling and analysis of the respiratory motion.
A drawback of our reconstruction method are the high computational costs of the optical flow based registration method. In the current implementation the reconstruction of a 4D CT data set consisting of 512ϫ 512ϫ 200ϫ 10 voxels requires more than 30 hours on a standard PC ͑2.2 GHz AMD Opteron, 8 GB RAM͒. Therefore, we plan to improve and speed up the optical flow computation using multiresolution techniques and parallelization. The registration and interpolation for each tidal volume and couch position is a completely independent process, and so it would be possible to reconstruct in parallel if larger clusters of CPU's were available. Although, on-line reconstruction is not always necessary, and 4D data sets could be reconstructed overnight and saved for future use. Furthermore, slightly different noise levels in homogeneous tissue were observed in the interpolated data sets. This is basically because noise gets reduced by the averaging done in the interpolation step ͓Eq. ͑4͔͒.
In some cases, breaks in contours still remain. Possibly, some of the breaks are caused by the method applied for minimizing registration artifacts: The segments used for composing the enlarged data segment are not scanned at exactly the same tidal volume. Another source of error may be the interpolation factor chosen in Eq. ͑4͒. Currently the interpolation factor ␦V is determined by a linear interpolation between the two neighboring tidal volumes V i and V i+1 . But the changes in the tidal volume are nonlinear over time and therefore in some cases, small steps are still visible in sagittal or coronal images of the reconstructed data sets. This is because of the inexact determination of the interpolation factor ␦V. In Sec. III A we have presented a quantitative measure for artifacts in a reconstructed data set. In a future implementation of the reconstruction method we will variate the interpolation factor in order to minimize this measure.
In the current implementation only two temporally consecutive scans are used for the interpolation. However, the optical flow approach enables the use of more than two tem- porally consecutive slices for the calculation of the optical flow field. 27 This may improve the registration accuracy in the reconstruction step as well as the registration accuracy of the determination of trajectories. But, this will increase the requirements of memory and processing time dramatically, e.g., the size of a velocity field for a 4D data set with dimension 512ϫ 512ϫ 200ϫ 10 is approximately 2GByte. Here an implementation of CPU and memory efficient algorithms is necessary.
Beside improvements of the reconstruction method, the main focus of further research will be the analysis of more 4D CT data sets. A goal of the work presented is to find correlations between the respiratory state and the motion of skin markers in order to predict the abdominal organ motion from external, noninvasive tracking data. Therefore, detailed analysis of the intra-and interpatient variation of the free breathing motion is necessary. A long-term goal is to develop an accurate model of the free breathing motion which incorporates different breathing patterns, like abdominal breathing or chest breathing.
